Continuously monitoring and managing manganese (Mn) concentrations in drinking water supply reservoirs are paramount for water suppliers since high soluble Mn loads lead to discoloration of potable water. Despite the Mn level currently being manually sampled throughout the year, in subtropical monomictic lakes such as Hinze Dam, critical Mn concentrations in the epilimnion, where the water is drawn, are typically recorded only during winter lake circulation. A vertical profiling system (VPS) installed can continuously collect physical parameters that determine the transport process of Mn in the lake. Therefore, a long-term historical database gives opportunities for the development of a Mn prediction model. In the present study, VPS and sampling data were collected and analysed, and prediction models applying nonlinear regression techniques and data-driven equations were developed and assessed. They were able to accurately forecast future Mn concentrations from 1 to 7 days ahead and in particular the critical peak concentrations in the epilimnion during the lake destratification. The model also displays the probabilities of the Mn to exceed certain key-thresholds, thus assisting operators in Mn treatment decision-making. Such a tool is very beneficial for the water supplier, since costly and time-consuming water samplings for monitoring Mn concentrations can be avoided, thus relying only on the real time VPS-based model outputs.
soluble Mn, which precipitates and can be easily removed.
If the raw water were not treated to a required standard, the Mn-rich water would be distributed to the customers, leading to discoloration and possibly odour issues that can diminish the confidence of the customers in the water supplier. Hence, understanding the Mn cycle and predicting critical events is one of the major concerns for drinking water suppliers.
Interestingly, few studies have been conducted to try to fully model the Mn cycle. Importantly, to the authors' knowledge, no studies have attempted to predict future Mn concentrations. Several prediction models have been applied over the years for different environmental problems, but as pointed out by Maier et al. () , with regard to recently widely applied models such as artificial neural networks (ANN), the vast majority of them deals with water quantity more than water quality issues. Besides, the typically modelled water quality parameters are pH or salinity (e.g., Bastarache et al. ; Zhang & Stanley ) with few studies related to nutrients. An interesting model was created by Bowden () , which adopted an ANN to predict the peak concentrations of cyanobacteria in the River Murray, Australia. Process-based models have been widely applied in the environmental sector whenever enough data were made available. Nevertheless, attempts to model the Mn cycle, with particular focus on the rapid transport processes towards the epilimnion during the lake destratification, were not present. One of the few studies found in the literature was completed by Johnson et al. () , who created a mathematical model for simulating the Mn cycle in a Swiss lake. The model made use of differential equations including the main processes affecting the formation and transport of soluble and particulate Mn, such as eddy diffusion, outflow, flux from the sediment, oxidation in the water column and coagulation with subsequent sedimentation. However, because of the several inputs required, it is not ideal for short-term forecasts.
In summary, the creation of a model focusing on the prediction, up to 1 week ahead, of the soluble epilimnetic Mn concentration represents a novel research goal. Moreover, the creation of such an intelligent tool that is able to remotely collect and numerically process readily available vertical profiling system (VPS) provisioned data to predict Mn concentrations would result in a cost benefit to the water supplier through a reduction in the number of water samplings and laboratory analyses required.
METHODS

Research domain and data collection
The study domain is Hinze Dam, which is also called pH (typically acidic) and ORP (decreasing during the stratification season) it was evident that the production of soluble hypolimnetic Mn is predominately resulting from the biogeochemistry relationships of these three factors. However, our exploratory studies revealed that epilimnetic Mn prediction was predominately a function of the temperature gradient of the water column (i.e., mixing momentum) and these hypolimnetic Mn biogeochemistry relationships were of much less significance in this upper layer where water was drawn for treatment.
Model development
Once the statistical analysis was completed and the features and correlations of the data assessed, it was possible to derive the most appropriate model and its key input parameters (see Figure 5 ). According to the results of the statistical analysis, no good correlation between Mn and any predictors at lag >7 days was found; hence no individual variable is able to predict the soluble Mn in the epilimnion 1 week ahead. However, a strong correlation between Mn and ΔT w was evident at lag 0 days. Also, very high dependencies were found between air and water temperature, with correlation decreasing with increasing lag. After careful assessment, the model required three data processing modules or parts to be created to ensure an accurate and reliable Mn prediction. The three model parts are described below:
• Model Part 1: completes analysis of the current water column temperature difference and the forecasted air temperature up to 1 week ahead (collected from the BoM) and outputs the water column temperature difference 1 week ahead.
• Model Part 2: takes the output of Part 1 (i.e., ΔT(t þ 7)) and by using the hyperbolic correlation relationship shown in Figure 3 , it will yield a prediction of the soluble Mn in the epilimnion 7 days ahead.
• Model Part 3: where Part 2 predicts the beginning of the lake turnover event, through the correlations shown in Figure 4 , the future peak Mn value will be corrected using the amount of Mn stored in the hypolimnion at the beginning of the turnover event, measured through manual water sampling.
The variables shown in Figure 5 are defined as:
T air (t þ n) ¼ air temperature forecast from 1 to 7 days ahead, collected from the BoM; • ΔT(t þ 7) ¼ water temperature difference prediction 7 days ahead; Hence, a simpler statistical model, with a reduced number of inputs, was considered to be the best option.
Reducing the number of inputs was achieved by calculating the cross-correlation coefficients at different lags for smoothed data with a moving average method and variable span. Despite the fact that the cross-correlation coefficient gradually decreased by increasing the lag, it was discovered that smoothing data increase the level of correlation. In particular, a 7-day ahead air temperature moving average was found to provide the best correlation with the epilimnetic water temperature, and also with the whole water column temperature. Smoothed solar radiation provided good correlations too, but it was assessed to be a redundant latent variable of air temperature so was not required. Wind, rainfall and river inflow proved to have only short-term effects; besides, high rainfall and inflow events are typically recorded during the wet season in summer, thus not affecting the winter turnover event. In conclusion, a model based only on the air temperature forecast proved to have the potential for good performance, since air temperature is one of the easiest meteorological variables to forecast, and a 1-day error can be greatly reduced in importance by smoothing the whole week of forecasts. 
RESULTS AND DISCUSSION
For Part 1 of the model, because of the hysteresis cycles between air and water temperature (Figures 6 and 7) , a threshold seasonal autoregressive model (TSAM) was created.
The model is able to detect seasonal change (i.e., warming, cooling, winter), and to relate air and water temperature accordingly, using relevant equations. In this way, Figure 6 | Scatter plot air temperature -epilimnetic water temperature, Hinze Dam, 2008 Dam, -2013 nonlinearities related to the hysteresis cycle are accounted, thus improving the final model performance. The model was calibrated using a training set of data (i.e., 2008-2011) and the performance was tested on an independent set of data (i.e., 2011-2012) . Equation (1) presented below describes the TSAM
where: ΔT(t þ 7) is the predicted water column temperature difference 7 days ahead; ΔT(t) is the current water column temperature difference; T air t ð Þ ¼ 1 7 There are very few prediction discrepancies evident in this figure, except on the few occasions when there were sudden drops in water column temperature differential that occurred during summer. These unusual events were not related to the air temperature, but due to mixing processes instigated by very high precipitation events. Evidently, these unusual events are not critical to the model's goal to predict unacceptable Mn concentrations in the epilimnion, as very high precipitation events do not typically occur in the study region during the critical winter turnover event, when Mn peaks are recorded in the epilimnion.
The application of ANN was also explored and tested for prediction accuracy comparison. ANN were reasonably 
where: ΔT t ð Þ ¼
where: T (z, t) ¼ water temperature at depth z at time t Moreover, it can be seen in the figure how all of the three main peaks occurring during the lake turnover event were predicted well. This prediction outcome was very pleasing since the historical dataset used for training only had one main peak per turnover event recorded. The prediction of this unique event is a robust validation of the model, since it was able to adapt to the evolving physical environment of the reservoir.
Given that the overarching goal of the prediction model was to provide water treatment operators with a user-friendly was added to the air temperature time series used in the test set, in order to account for the uncertainty related to the weather forecast. Although the calculation of ΔT w-(t þ 7) was not affected, the correlation coefficient for the Mn prediction 7 days ahead dropped from 0.86 to 0.80.
However, to counteract this slight reduction in reliability, more specific and reliable weather forecast data can be terms of the timing of the event and in the peak concentration estimation. Importantly, the key feature of the model is that it will become even more accurate over time as more data become available. With its simple structure, the model yielded better Mn forecasting performance than the more complex and widely used process-based models.
Thus, autonomous data-driven approaches for forecasting some of the key water quality parameters such as epilimnetic Mn offer a novel alternative to traditional methods and also more pro-active water quality operational management and decision-making.
The model can also display outputs for dam operator decision-making purposes. Presently, a simple soluble Mn threshold warning system has been developed, but in the future a user-friendly graphical user interface (GUI) will be developed and utilised by water treatment plant operators.
It will have a range of cost-and time-saving benefits for the water supplier, including a reduction in the amount of unnecessary pre-filter chlorination, much less costly and time-consuming weekly in situ Mn samplings and associated laboratory analysis will be required in the future, and more reliable operator decision-making. 
